One sentence summary: Molecular analysis of 35 groundwater samples from sites with varying hydrogeochemical conditions indicated that groundwater chemistry was a key factor that drives the bacterial community structure in New Zealand groundwater.
INTRODUCTION
Aquifers provide widely varied physical and chemical conditions and harbour a vast microbial diversity (Chapelle 2000; Flynn, Sanford and Bethke 2008; Griebler and Lueders 2009) . These groundwater microbial communities are believed to have a significant influence on most biogeochemical cycles on the planet (Lovley and Chapelle 1995) . Increasing attention is therefore being placed on understanding the role of these microbial communities in ecological and geochemical contexts (Griebler and Lueders 2009; Beyer et al. 2014; Griebler, Malard and Lefébure 2014) .
Globally, there is a growing emphasis on understanding and protecting the groundwater-associated microbial communities to manage groundwater ecosystems. In some parts of Europe and Australia, assessments of ecological status have already been included into national groundwater management or monitoring policies (Steube, Richter and Griebler 2009; Griebler et al. 2010; Stein et al. 2010; Korbel and Hose 2011) . Similar to these other countries, New Zealand has also recently established a National Policy Statement for Freshwater Management 2014 (NPSFM) that provides a policy context for understanding, managing and protecting groundwater microbial communities (New Zealand Ministry for the Environment 2014 (amended 2017)). Under the NPSFM, 'ecosystem health' must be maintained or improved in all freshwater management units (FMUs), including aquifers. Ecosystem health is taken to mean that the FMU supports a healthy ecosystem in which ecological processes are maintained, there is a range and diversity of indigenous species expected for that type of FMU, and there is resilience to change under pressures such as contamination, climate fluctuations, etc.
Despite this growing global emphasis on protecting groundwater ecosystems, achievement of this goal is still hampered by a lack of scientific data pertaining to groundwater ecosystems. Very few studies have systematically investigated groundwater ecosystems, especially the microbial component (Lehman and O'Connell 2002; Korbel et al. 2017) . There is also a need to account for ecosystem function and not just microbial community composition (Griebler and Avramov 2014; Griebler, Malard and Lefébure 2014) . Therefore, there is a growing interest towards addressing how the microbial community responds to contamination and other impacts of human activity (Hemme et al. 2010; Sutton et al. 2012; Bell et al. 2013; Meckenstock et al. 2015) . However, we also need to determine what the 'tipping points' may be. A tipping point is an ecological threshold that, if passed may result in a rapid change in ecosystem health. For example, at a relatively low level of contamination, the ecosystem may continue to function and if the contamination is removed, the ecosystem may return to its original state as a result of its inherent resilience. However, there may be some threshold, i.e. a tipping point, for the level of contamination that causes significant and irreversible change to the ecosystem. Thus, understanding the tipping points is essential to maintain the health and function of ecosystem.
This study is intended to provide underpinning information and methods to support maintenance of ecosystem health in groundwater systems. Our approach has a global relevance as more information about biotic and abiotic aspects of groundwater ecosystems is very much needed. This study builds on previous investigations of bacterial community structure of New Zealand groundwater (Van Bekkum et al. 2006; Sirisena et al. 2013 Sirisena et al. , 2014 Sirisena 2014) . However, these previous surveys were conducted using the terminal restriction fragment length polymorphism (T-RFLP) molecular profiling technique. Although T-RFLP is a rapid, reliable and relatively inexpensive method, it can underestimate the actual microbial diversity by overlooking the rare taxa in the sample (Liu et al. 1997; Dunbar, Ticknor and Kuske 2001; Wood et al. 2013) . Moreover, T-RFLP does not provide unique taxonomic identities of taxa present in samples, which would be very useful in obtaining a quick overview of the predictive metabolic potential of the groundwater microbial communities. This missing information on taxonomic composition and predicted metabolic profiles can be effectively used to assess the structural (i.e. compositional) and functional aspects of ecosystem health.
The first objective of this study is to provide New Zealand's first national assessment of groundwater bacterial taxonomic diversity. This is achieved by the amplicon sequencing of the V5-V7 hypervariable region of 16S rRNA gene on the 454 pyrosequencing platform. The bacterial community analysis was performed on groundwater samples from 35 sites around New Zealand, these being a subset of the 100 sites from the National Groundwater Monitoring Programme (NGMP) previously sampled by Sirisena et al. (2013) . The 35 NGMP sites used in the present investigation were selected to cover a range of hydrochemistry, mean residence time of the water, well depth, aquifer lithology, degree of confinement and land use activities around the aquifer recharge zone. The NGMP sites are located in different aquifers or on discrete flow lines within larger aquifer systems. This study was based on groundwater samples, as opposed to analysing aquifer materials directly, for compatibility with standard sampling methods used in state-of-theenvironment groundwater quality monitoring in New Zealand.
The second objective of the study was to demonstrate the potential of metabolic information of New Zealand's groundwater bacterial communities in assessing ecosystem health. Since the study was conducted using the microbial genomic DNA, this objective was achieved using metabolic inferences derived from the taxonomic data using METAGENassist (Arndt et al. 2012) . This second objective addresses the need to evaluate the function of the groundwater bacterial communities, beyond their taxonomic composition, as an important factor for characterising ecosystem health. In the Results and Discussion section we discuss the limitations of metabolic inference based on a gene-specific amplicon survey, as opposed to transcriptomics for understanding ecosystem function directly (Jewell et al. 2016) , and how the approach used in this study provides a solid platform to assess the actual metabolic potential using metatranscriptomic methods for better understanding of the roles of bacterial communities in the groundwater ecosystems.
The final objective of this study was to compare the bacterial taxonomy and predicted metabolic information to hydrochemistry and aquifer characteristics. In New Zealand, as elsewhere around the world, the hydrochemical and hydrogeological aspects of groundwater are extensively monitored. For example, the NGMP has over 20 years of quarterly record for ca. 20 hydrochemical parameters at over 100 representative sites across New Zealand (Daughney et al. 2010) . This information has been used to define hydrochemical facies and baselines for New Zealand's groundwater systems (Daughney and Reeves 2005) . Relationships between hydrochemistry and groundwater microbial community structure and function are expected based on known metabolic and thermodynamic principles (Bennett, Hiebert and Rogers 2000; Chapelle 2000) and have been observed in New Zealand (Sirisena et al. 2013 Sirisena 2014) and elsewhere (Schlegel et al. 2011; Campbell et al. 2012; Flynn et al. 2012; Lin et al. 2012; Flynn et al. 2013; Lavalleur and Colwell 2013; Osburn et al. 2014; Hug et al. 2015; Kirk et al. 2015; Twing et al. 2017) . Hence in this study we evaluate the extent to which the hydrochemistry and aquifer characteristics, with much data available, can be used to predict groundwater bacterial taxonomy and predicted metabolic function, for which little information is available. If such relationships are sufficiently strong, then the former type of data could be used to provide preliminary assessments of the latter, to assist enhancement of groundwater ecosystem health under the NPSFM. If such relationships are not sufficiently strong, then it may be necessary to incorporate regular microbial-specific surveys into the NGMP and other state-of-the-environment groundwater networks.
MATERIALS AND METHODS

Study site and sampling
A set of 35 representative NGMP sites that were included in the national survey of bacterial community structure (Sirisena et al. 2013) were chosen for this study. Sites were selected to encompass a range of aquifer characteristics and hydrochemistry to provide a representative survey of New Zealand's groundwater systems, and to allow us to address the third objective of this study (see above). Most of the aquifers in which the sampling sites are located are hydrologically isolated even if they are geographically close to each other (Moreau and Bekele 2014) . The site-specific hydrochemistry and aquifer characteristics are summarised in Tables S1 and S2 (Supporting Information); more site details are available from the GNS Science Geothermal and Groundwater (GGW) Database (http://ggw.gns.cri.nz/ggwdata/mainPage.jsp).
A single groundwater sample was collected from each site in June 2010 according to the National Protocol for State of the Environment Groundwater Sampling (Daughney, Jones and Baker 2006) . The wells were purged according to the protocol because the microbial communities in the groundwater after purging provides a better representation of the aquifer microbiota than in the communities in unpurged wells (Korbel et al. 2017) .
DNA extraction, PCR amplicon library preparation and 454 pyrosequencing
In this study, we used the groundwater microbial genomic DNA that was previously extracted from the same samples by Sirisena et al. (2013) . Briefly, 2 L of groundwater from each site was filtered through a sterile 0.22 μm nitrocellulose membrane filter (Millipore, Australia). Bacterial genomic DNA extractions were performed as outlined by Sirisena et al. (2013) using ZR Fungal/Bacterial DNA kits (Zymo Research, United States) according to the manufacturer's instructions. We also compared two other alternative DNA extraction methods: GenElute Bacterial Genomic DNA kit (Sigma-Aldrich, United States); and Standard Phenol:Chloroform:Isoamyl Alcohol DNA extraction protocol (Product No: P3803, Sigma-Aldrich, United States) with the current method on two randomly selected samples using the T-RFLP technique (data not shown). The ZR Fungal/Bacterial DNA kit provided the optimum DNA extraction efficiency for those samples.
Amplicon library preparation involved two rounds of PCR amplification on the V5-V7 region of the bacterial 16S rRNA gene (Tiao et al. 2012) . The first round of PCR was performed in triplicates for each sample using the primers Tx9 (5 -GGATTAGAWACCCBGGTAGTC-3 ) and 1391R (5 -GACGGGCRGTGWGTRCA-3 ) (Ashby et al. 2007) . Each 30 μl reaction mixture contained 1X PrimeSTAR buffer, 0.2 mM dNTPs, 0.025 U PrimeSTAR HS DNA Polymerase (Takara Holdings, Kyoto, Japan), 0.4 μM of primers Tx9 and 1391R (Integrated DNA Technologies, Iowa, USA), 5 μl (∼5 ng) of bacterial genomic DNA and molecular biology grade water (MO BIO Laboratories, Inc., USA) to adjust the final volume. In this step, we determined the optimum number of thermal cycles for each sample. Thermal cycling conditions consisted of an initial denaturation step of 3 min at 94
• C followed by 18, 24 and 30 cycles for the three aliquots of each sample respectively at 94
• C for 20 s, 52
• C for 20 s and 72
• C for 45 s. The reactions were completed with a final extension at 72
• C for 4 min. All amplifications were completed on a Mastercycler R Pro S PCR system (Eppendorf, Hamburg, Germany). PCR was repeated for each sample in duplicates with the optimum cycling conditions as described above. Then the three reactions (duplicate aliquots from this PCR and one aliquot obtained with the optimum conditions in the previous PCR) were pooled together and amplicons were run on 2% agarose gels. The targeted PCR bands were excised from the gel and purified using MO BIO Gel Extraction Kits (MO BIO Laboratories, CA, USA). Gel-purified products were purified again using an Agencourt AMPure XP system (Beckman Coulter, CA, USA) according to the manufacturer's instructions and quantified using Quant-iT High-Sensitivity DNA Assay kits (Life Technologies, CA, USA).
To prepare the amplicons for pyrosequencing, the second round of PCR was completed using the primers with 454 adaptors and unique Multiplex Identifier (MID) sequences. The forward primer included a MID sequence unique to each sample. PCR was performed in triplicates and reactions were prepared as described above with these exceptions: only 10 ng of purified PCR product was used as the template; the primers Bac(X)A-Tx9F
(5 -CCATCTCATCCCTGCGTGTCTCCGACTCAG-MID(X)-GGATTAGAWACCCBGGTAGTC-3 ) and BacB-1391R
(5 -CCTATCCCCTGTGTGCCTTGGCAGTCTCAG-GACGGGCRGTGWGTRCA-3 ) were used; thermal cycling was reduced to 10 cycles. Triplicate PCR reactions were pooled, purified and quantified as described above. The remaining steps were performed at the University of Waikato DNA Sequencing Facility. The number of amplifiable molecules was quantified using a KAPA Library Quantification Kit for Roche 454 Titanium/Universal (Kapa Biosystems, MA, USA). The amplicons were subjected to unidirectional pyrosequencing by the GS Junior System using the GS Junior Titanium emPCR Kit (Lib-L), the GS Junior Titanium Sequencing Kit and the PicoTitrePlate Kit (Roche 454 Life Sciences, CT, USA).
Sequence analysis and identification of Operational Taxonomic Units (OTUs)
Raw pyrotags were analysed using AmpliconNoise v1.25 and chimeric sequences were eliminated using Perseus (Quince et al. 2011) . Sequences were assigned to the relevant sample according to the MIDs that were used to label each sample. Amplicons that had at least a single-base mismatch to the PCR primer sequence were not considered for further analyses. Further sequence processing was performed using the Mothur v1.24.1 software package (Schloss et al. 2009 ). The processed sequences were aligned and unique sequences were determined using the ESPRIT software package (Sun et al. 2009 ). Two sequences were considered to be unique if they differed in at least a single base mismatch or similar in the nucleotide sequence, but there is at least one extra base at the end in one sequence. Pair-wise distances between unique sequences were computed and the sequences that had similarities of 97% or more were grouped into OTUs using average neighbour clustering with the Mothur v1.24.1 software package. Our basic approach was to apply strict sequence quality filtration followed by the open-reference OTU picking method where unique sequences were initially clustered into OTUs against the reference sequences in the Ribosomal Database project (RDP) Release 10 (Wang et al. 2007) , and the sequences that were not matched with the reference database were clustered into OTUs comparing one another. Taxonomic identities of the OTUs were obtained using the Classifier function of the Ribosomal Database project (RDP) Release 10 (Wang et al. 2007 ).
Data accessibility
Raw 16S pyrosequencing data were archived in the Sequence Read Archive (SRA) at NCBI under the accession number SRP157405.
Diversity estimation and statistical analysis
Cluster analysis
We applied hierarchical cluster analysis (HCA) performed using R to define 'bioclusters' based on similarities in bacterial community structures between samples. Here, the relative abundances of all OTUs were used as input to the R package vegan, to calculate Bray-Curtis similarities of each sample compared to all other samples. The OTU data were normalised to the sum of all reads in each sample prior to calculating the Bray-Curtis similarities. HCA was performed using the R package pvclust with Ward's clustering algorithm, using the calculated BrayCurtis similarities as input. Multiscale bootstrap resampling (n = 1000) with the pvclust package was undertaken to derive Approximately Unbiased (AU) P-values that identify clusters that are strongly supported by the data (AU P-values ≥ 95). The Kruskal-Wallis test and the Chi-square test were used to evaluate differences in hydrochemical parameters or categorical variables between bioclusters.
Diversity indices
The Mothur v1.24.1 programme (Schloss et al. 2009 ) was used to calculate the following: rarefaction curves; the Chao 1 and the non-parametric Abundance Coverage Estimator (ACE) as OTU richness indices; and the Shannon diversity index (H') and Simpson diversity index as measures of diversity. The Kruskal-Wallis test (Kruskal 1964a,b) was used to investigate the relationship among the richness and diversity indices and the bioclusters.
SIMPER and RELATE analyses
Similarity percentage (SIMPER) and RELATE analyses (Clarke and Warwick 1994) were performed using the PRIMER v.6 statistical programme (Primer-E Ltd., Plymouth, UK) with the additional add-on package PERMANOVA+ (Anderson, Gorley and Clarke 2008) . SIMPER was used to reveal the average similarity within and the average dissimilarity among the bioclusters, based on the OTU diversity. SIMPER was also employed to identify those OTUs that contributed most to the similarity/dissimilarity within/between the bioclusters. The RELATE analysis was used to understand the correlation between bacterial diversity represented by all the OTUs and the groundwater chemistry as a whole rather than individual parameters. The hydrochemical data (x) for the 19 parameters included in Table S1 (Supporting Information) were transformed to natural log variables [ln (x+1)] to more closely approximate the normal distribution. A similarity matrix was computed based on these hydrochemical variables. The Euclidian distance was used for this purpose as it is a more appropriate measure than the Bray-Curtis similarity for grouping environmental data (Ramette 2007) . Another similarity matrix was computed based on OTU diversity using Bray-Curtis similarity. The two similarity matrices were used in RELATE analysis to reveal the relationship between hydrochemistry and bacterial diversity.
Canonical Correspondence Analysis (CCA)
Canonical Correspondence Analysis (Braak andŠmilauer 2012) was performed to reveal the relative contribution of each hydrochemical parameter in determining the bacterial community structure explained by all OTUs. CCA was initially performed using all 19 hydrochemical parameters, and secondly using stepwise forward selection where the F-test was used to identify the subset of hydrochemical parameters with greatest ability to explain the OTU data. The CCA was performed with the CANOCO 5 for Windows package (Braak andŠmilauer 2012) and the stepwise forward selection of variables based on the F-test was performed using Statgraphics Centurion version 18 (Statgraphics Technologies Inc.).
Metabolic inference from taxonomic information
The potential metabolic functions of bacterial communities in groundwater samples were predicted using the METAGENassist web server tool (Arndt et al. 2012) . Briefly, the OTUs with the same taxonomic assignment were combined. The abundance data were filtered by interquantile range (IQR) and normalised sample-and OTU-wise by the sum and Pareto scaling, respectively. Metabolic inference was conducted considering species level taxonomic information. If the taxonomic names were only specified above the species rank, up to genus level or above, the metabolic inference was conducted using the lowest specified taxonomic rank. The dendrograms and heatmaps were constructed using Spearman distance and Ward's linkage algorithm to investigate the preferred energy source, oxygen requirement and metabolic potential of bacterial communities in each biocluster. Here, we used the condition that, for a particular metabolic property or oxygen requirement category or energy source to be displayed in the heatmap, it should have a statistical significant difference in the mean of the magnitude of that property among different bioclusters (ANOVA, P < 0.05).
RESULTS AND DISCUSSION
Bacterial community taxonomic composition
The pyrosequencing of 35 groundwater DNA samples resulted in 281 896 partial sequences of 16S rRNA gene after quality filtration and chimera removal. We detected 6579 OTUs of which 65% (4281 OTUs) were singletons at 97% similarity based on the average neighbour algorithm. The singletons represented ∼1% of the total number of sequences, while the top 10, 100 and 1000 most abundant OTUs accounted for ∼70%, 92% and 97% respectively.
The bacterial community structure was shaped in a way that there are few OTUs that occur in more than 10 samples, but when they did, there were large numbers of sequences. In contrast, there were large numbers of OTUs that occurred in only one sample (unique OTUs), but their abundances were low. For example, one sample (GGW ID 53) contained a total of 471 OTUs from 9056 individual sequences, of which only 20 OTUs were found in 10 or more samples (commonly shared OTUs) (4.25%), but those 10 OTUs comprised 76% of the sequences. On the other hand, 347 OTUs were unique to this sample, but they only comprised 7.95% of the total sequences (Tables S3 and S4 , Supporting Information). Overall, 88.5% of all OTUs (5827 OTUs) were found in only one sample (Unique OTUs), whereas only 35 OTUs were detected in 10 or more samples. As expected, the current study using 454 pyrosequencing technology identified a greater species richness (approximately 2-40 times greater number of bacterial OTUs) than the previous T-RFLP-based study (Sirisena et al. 2013) for the same set of samples.
A pertinent conclusion from these pyrosequencing results is that New Zealand groundwaters contain a rich bacterial diversity. This is consistent with previous studies that highlight the ubiquity and diversity of bacteria in aquifers in New Zealand (Sirisena et al. 2013 and elsewhere (Chapelle 2000; Gregory et al. 2014; Griebler and Avramov 2014) . However, rarefaction curves obtained for this pyrosequencing dataset reflected that our sampling of bacterial richness was still not complete and we may have found additional low-abundance OTUs if more sequences had been obtained for each sample (Fig. S1A-D , Supporting Information). It is understood that samples of groundwater, even from purged wells, may not provide a complete representation of the microbial community in the aquifer itself (Lehman and O'Connell 2002; Korbel et al. 2017 ). An alternate sampling approach is to collect aquifer materials directly or to incubate a substrate in the well, to obtain insight into the composition and function of the attached bacterial community (Hirsch and Rades-Rohkohl 1990; Alfreider, Krössbacher and Psenner 1997; Griebler et al. 2002; Zhou, Kellermann and Griebler 2012) . In the present study, we opted to sample and analyse the groundwater directly to provide an approach for potential incorporation of bacterial taxonomic status into to routine groundwater monitoring operations. However, we propose that it would be a useful follow-on study to compare the pyrosequencing data from the groundwater and from the aquifer substrate.
The pyrosequencing approach provides insight into the taxonomy of the bacterial communities in New Zealand's groundwater systems. Proteobacteria was the most abundant phylum across all 35 samples. Variovorax represented the most common OTU and was found in 33 samples, albeit with varying abundances. Pseudomonas, Burkholderia, Acidovorax, Janthinobacterium, Polaromonas and Caulobacter were the other taxa that represented common OTUs, each being observed in more than 20 samples. There was no OTU that was found in every one of the 35 samples. Previous studies on the bacterial communities in New Zealand's groundwater systems utilised T-RFLP and so could not provide this sort of taxonomic information.
The bacterial taxonomic results are usefully interpreted as 'bioclusters', these being groups of samples that display similarity in bacterial community composition as shown on the HCA dendrogram ( Fig. 1) . At the highest separation threshold, the samples can be partitioned into Bioclusters 1 and 2. A lower threshold subdivides each main biocluster, providing added resolution for the differences in bacterial community structure, and so for the remainder of this paper we compare the traits of Bioclusters 1A, 1B, 2A and 2B. The AU P-values illustrate that the subdivision of the samples into four bioclusters is strongly supported by the data at this separation threshold (Fig. 1) .
Krona plots illustrate the differences in bacterial community composition between Bioclusters 1A, 1B, 2A and 2B containing 3, 15, 5 and 12 sites respectively ( Fig. 2A-D) . For example, Pseudomonas is an abundant taxon in all four bioclusters but varies significantly in its proportional representation from 3% in Biocluster 1A-65% in Biocluster 2B. The bacterial diversity and richness estimates varied significantly within and among the four bioclusters (Table 1 and Table S5 , Supporting Information). No significant difference was detected in the Shannon diversity indices between the two main bioclusters (Kruskal-Wallis test, P = 0.0802) or between Biocluster 1B, Biocluster 2A, and Biocluster 2B (Kruskal-Wallis test, P = 0.0682). Biocluster 1A contained only 3 samples, so it was not possible to perform a meaningful statistical analysis in comparison to the other three bioclusters. The SIMPER analysis revealed that the average similarity of bacterial communities within each biocluster is quite variable: the average similarity of microbial communities in samples belonging to biocluster 1A is 67.81%; 6.23% for 1B; 43.73% for 2A; and 40.30% for 2B. This shows that the samples in Biocluster 1B consist of more diverse microbial communities than the other groups. Herbaspirillum and Variovorax contributed 95.32% for the similarity among samples in Biocluster 1A. Variovorax, Duganella and Caulobacter contributed to 60.45% for the similarity in Biocluster 1B, Janthinobacterium and Pseudomonas contributed to 95.03% for the similarity in Biocluster 2A, and Pseudomonas contributed to 93.01% the similarity in Biocluster 2B (Table S6 , Supporting Information). The data also show that average microbial communities are considerably dissimilar among bioclusters: the highest dissimilarity (95.55%) was shown between Biocluster 1A and Biocluster 2A, whereas the lowest dissimilarity (79.37%) was shown between Biocluster 2A and Biocluster 2B (Fig. S2 , Supporting Information). This indicates that in general the unique combination of more abundant OTUs was the main contributor to the similarities among bacterial populations within each biocluster, whereas the unique combination of both abundant and rare OTUs shaped the dissimilarities between the bioclusters. We acknowledge that some bioclusters contain few samples and so taxonomic interpretations should be considered with caution.
Prior to this investigation, there was virtually no information available about the type and diversity of species found in New Zealand's groundwater systems. The biocluster framework that was derived from bacterial taxonomic information might be a useful tool for identifying sites with similar bacterial taxonomy which could in turn assist with the implementation of fresh water management practices worldwide (Danczak et al. 2016) .
Predicted metabolic profiles of groundwater bacterial communities
Predicted metabolic profiles are shown using heatmaps produced with METAGENAssist (Arndt et al. 2012) (Figs 3-5) . Each heatmap uses the same normalised scale to show relative differences between cells. Note that dendrograms are used to organise rows and columns according to similarity or dissimilarity, which means that the bioclusters do not necessarily appear in the same order from left to right on the different figures.
Predicted oxygen requirements for the four bioclusters are compared in Fig. 3 Figure 3 . Heatmap of predicted oxygen requirement of microbial communities in the four main Bioclusters. Normalised scale is used to show relative differences between cells on the heatmap. Dendrograms are used to organise rows and columns according to similarity or dissimilarity. The term 'facultative' refers to bacteria that can live under aerobic, anoxic, or anaerobic conditions. The 'anaerobes' referred to the bacteria that can conduct the respiration under anaerobic conditions, but they can tolerate the presence of oxygen although they cannot use utilise oxygen for their respiration. The 'Facultative anaerobes' referred to the bacteria that conduct the respiration under anaerobic conditions. They can tolerate the presence of oxygen also can utilise oxygen for their respiration under such oxic conditions. The 'obligate anaerobes' are similar to 'anaerobes' except that they cannot survive under the presence of oxygen. The 'Microaerophiles' are aerobes but they cannot tolerate high concentrations of oxygen.
derived from the bacterial taxonomic data, and hence there are expected relationships with the proportion of aerobic bacteria such as Pseudomonas and Variovorax vs. anaerobic bacteria such as Acetobacterium, as shown on the Krona plots ( Fig. 2A-D) . Predicted metabolic potential for the four bioclusters is shown in Fig. 4 and Table 1. The dendrogram along the top edge of the heatmap shows that, in terms of predicted metabolic potential, Bioclusters 1A and 1B are similar, Bioclusters 2A and 2B are similar, but these two groups are distinct from each other. Note that Bioclusters 1A and 1B are taxonomically similar to each other, whereas 2A and 2B are also similar to each other. This therefore shows expected result that the predicted metabolic potentials of bioclusters reflect their taxonomic relatedness. Biocluster 1A has its strongest metabolic potential in relation to nitrogen fixation which, in conjunction with its inferred aerobic requirement, suggests a soil or shallow groundwater environment. Biocluster 1B displays potential for denitrification, iron reduction and other metabolic operations consistent with its inferred anaerobic conditions. Bioclusters 2A and 2B both show moderately strong metabolic potential for sulfate reduction, nitrite reduction and ammonia oxidation, but are differentiated by Biocluster 2A having stronger metabolic potential for degradation of biomass and associated organic compounds, and Biocluster 2B having stronger metabolic potential for oxidation or fermentation of simple carbon compounds.
Predicted energy sources for the four bioclusters are compared in Fig. 5 and Table 1 . The dendrogram along the top edge of the heatmap shows that Biocluster 1A is most dissimilar to the other three groups. Biocluster 1A is apparently predominantly heterotrophic with little indication of chemo-, litho-or autotrophy, suggesting prevalence in environments where organic compounds are readily available. Biocluster 1B is the opposite, with inferred dominance of chemo-, litho-and methanotrophy and little indication of heterotrophy, suggesting occurrence in low carbon and low nutrient environments. Biocluster 2A represents a variety of inferred energy-producing mechanisms including chemo-, litho-and heterotrophy. This suggests occurrence over a range of environments, consistent with the relatively wide range of oxygen requirements and metabolic pathways utilisable by this biocluster. Biocluster 2B is inferred to be mostly organotrophic, methylotrophic and (chemo)autotrophic, implying energy sources from simple organic or inorganic carbon compounds.
The predicted metabolic profiles suggested that actual metabolic information from metatranscriptomic analyses might provide a more powerful support to the biocluster framework for effective management of groundwater ecosystems. Using the New Zealand NPSFM as an example, a policy for protection of ecosystem health would likely need to ensure not only that there is a diversity of indigenous microbial species present, but also that key ecological processes are maintained. The taxonomic information presented in the previous section goes some way to informing the former but does not address the latter. Thus, we suggest that the pyrosequencing information and the biocluster framework coupled with metabolic information can be used to assess the groundwater ecosystem health. However, it is important to bear in mind the limitations of 16S-based taxonomic identifications up to species level especially for policy planning purposes. Therefore, we recommend conducting metagenomic analyses at least for a subset of these samples to verify the 16S-based taxonomic results (Handley et al. 2014) . With application to New Zealand, this approach has shown, for example, that the bacterial communities typical of Biocluster 1A have potential for nitrogen fixation whereas those of Biocluster 1B have potential for denitrification. These two types of microbial community may therefore be delivering an important ecosystem service in relation to the fate and transport of nutrients in groundwater. Future research will be needed to evaluate actual ecosystem function (as opposed to the potential function inferred here) and to determine to what extent the ecosystem processes are maintained or enhanced by management interventions. 
Relationships between bacterial taxonomy and aquifer characteristics and hydrochemistry
This study found no significant relationships between the bioclusters and aquifer lithology (chi square test, P = 0.82), aquifer confinement (P = 0.21), well depth (P = 0.27), geographic region (P = 0.27) or land use in the site's recharge zone (P = 0.52) (Fig.  S3A-G, Supporting Information) . This may be because this study involved a relatively small number of sites and hence statistical power was weak. However, we point out that previous New Zealand studies conducted with up to ca. 100 sites have not detected relationships between such aquifer characteristics and hydrochemistry (Daughney and Reeves 2005) . These previous studies suggested that such a lack of detectable relationship between aquifer characteristics and hydrochemistry (microbial communities were not assessed) may arise because (1) the available aquifer and land use information are not accurate, (2) the area in which the aquifer and land use observations were made are localised around the well and do not represent the full volume of aquifer through which the groundwater sample has passed, (3) groundwater affected by land use has not yet travelled all the way from the recharge zone to the monitoring site, and/or (4) chemical signatures indicative of particular aquifer characteristics or land uses (e.g. concentration of NO 3 -N) have been transformed or degraded prior to reaching the monitoring site. These factors may also complicate the identification of any relationships between aquifer characteristics and groundwater bacterial community composition or function, and hence we recommend further research with a larger number of sites to improve statistical power. Furthermore, it is important to note that here we have analysed groundwaters instead of aquifer materials; this could also mask microbial-aquifer characteristics relationships, if there are any.
The bacterial community composition has a stronger relationship to groundwater chemistry than to any of the abovementioned aquifer characteristics. The Spearman correlation coefficient (r) derived from the RELATE analysis indicated that the groundwater hydrochemistry as a whole was correlated with the bacterial community structure (r = 0.25, P = 0.002). Canonical correspondence analysis shows that, collectively, the 19 hydrochemical parameters routinely analysed through the NGMP account for 59% of the total variability in the relative abundance of sub-sampled OTUs in the dataset (Monte Carlo permutation test, P = 0.002) (Fig. 6) . Using F-to-enter = 1.2 in the stepwise forward selection of hydrochemical parameters showed that NO 3 -N, pH, DO, NH 4 -N, Fe, Br and SO 4 were the key explanatory variables (explaining 49% of the total variability in the sub-sampled OTU data, P = 0.004), where the first two parameters separate the samples along the first axis and the other parameters separate along the second axis (Fig. 6, Table 1 ). Box-whisker plots are provided in Fig. S4A -F (Supporting Information) to illustrate relationships between the bioclusters and the individual hydrochemical parameters.
These observed relationships among the 19 hydrochemical variables are very similar to previous reports (Daughney and Reeves 2005; Daughney et al. 2012) . The main variations in hydrochemistry shown on Fig. 6 arise from whether the groundwater is oxidised (containing dissolved oxygen and NO 3 -N) or reduced (lacking dissolved oxygen and NO 3 -N but often containing Fe, Mn and/or NH 4 -N). Previous studies have shown that, in New Zealand, reduced groundwater is more likely to have higher concentrations of dissolved solutes (e.g. accumulated through water-rock interaction and other processes), and so compared to oxidised groundwater it tends to have higher concentrations of most of the 19 parameters shown in Fig. 6 (Daughney and Reeves 2005; Daughney et al. 2012) . The oxidised groundwaters can be further subdivided as to whether they contain natural concentrations of NO 3 -N up to ca. 3 mg/L (Daughney and Reeves 2005; Daughney et al. 2012) , or whether excess NO 3 -N above this baseline indicates some level of human or agricultural impact. The reduced groundwaters can also be subdivided into moderately reduced or strongly reduced based on whether sulfide is present or absent, respectively. This study includes 9 sites each for of the first three hydrochemical categories and 8 sites for the last (Table   S1 , Supporting Information). The relationship between the bioclusters and the hydrochemical categories is shown in Fig. S3F (Supporting Information).
These results show that the bioclusters are correlated to the hydrochemistry, and in particular to the redox condition of the groundwater. This has been observed in previous studies (Flynn, Sanford and Bethke 2008; Campbell and Kirchman 2013; Sirisena et al. 2013; Gregory et al. 2014; Sirisena 2014; Maamar et al. 2015) and is expected on the basis of thermodynamics and bacterial metabolism (Bennett, Hiebert and Rogers 2000; Chapelle 2000) . Furthermore, the results of this study allow the relationship to hydrochemistry to be interpreted within the context of bacterial taxonomy. For example, Herbaspirillum, which comprised a significant proportion of the communities in oxidised groundwater, is capable of contributing to the nitrification process (Fowler et al. 2016) . Oxidised groundwater with human impact frequently contained Janthinobacterium, a Mn-oxidising bacteria (Carmichael et al. 2013) and a N 2 O emitting bacteria (Hashidoko et al. 2008 ) that reflect both the oxidised nature and the potential human influence in the groundwater. Previous studies suggested that the usage of nitrogen fertilisers and manure management practices contribute to a larger fraction of global production of N 2 O via microbial processes in soils, sediments and water bodies (Butterbach-Bahl et al. 2013) . Therefore, the presence of N 2 O emitting bacteria may indirectly reflect the human influence in groundwaters. Reduced groundwater was likely to contain bacteria such as Acinetobacter, Dechloromonas, Methylotenera, Methylovorus, Propionivibrio, Sulfuricella and/or Sulfuritalae. Some of the Acinetobacter strains are anaerobic denitrifying bacteria that use Mn 2+ as the electron donor (Feng Su et al. 2015) , while Dechloromonas sp. are also identified as anaerobic, denitrifying and sulphate reducing bacteria (Coates et al. 2001) . Some strains of Methylotenera and Methylovorus can also contribute to denitrification coupled with methanol metabolism pathways (Mustakhimov et al. 2013) . Some strains of Propionivibrio were previously reported as strictly anaerobic bacteria that can contribute to malate fermentation (Tanaka, Nakamura and Mikami 1990) . Species such as Sulfuricella denitrificans and Sulfuritalea hydrogenivorans are facultative anaerobes that can oxidise elemental sulfur and thiosulfate to sulphate while denitrifying nitrates (Kojima and Fukui 2010; Watanabe, Kojima and Fukui 2012) . Moderately reduced groundwater contained bacteria such as Acetobacterium, Arcobacter and Georgfuchsia. Arcobacter is an obligate anaerobe and capable of denitrification of nitrates (Canion et al. 2013) . Georgfuchsia toluolica is strictly anaerobic and degrades aromatic compounds using nitrate as an electron acceptor (Weelink et al. 2009 ). However, given that hydrochemistry only explains 59% of the total variability in the relative abundance of sub-sampled OTUs in the dataset, there are other instances in which it does not appear to exert a strong influence on bacterial community composition. For example, Pseudomonas was the most dominant genus in New Zealand groundwater and was found across all hydrochemical conditions. Such cases may indicate bacteria able to utilise a variety of metabolic pathways and substrates and therefore exist across a range of hydrochemical conditions. It is also possible that some of the genetic information of such bacteria is gained from other species in the ecosystem by horizontal gene transfer (Sirisena 2014) . Such processes can adversely affect the potential use of the biocluster framework that is based on taxonomic diversity in determination of the groundwater ecosystem health. Therefore, we emphasise the importance of considering such processes and assessing their magnitudes before including a taxonomy-based biocluster framework into groundwater monitoring programme policies.
Detection of photosynthetic bacteria (Cyanobacteria, Chromatiales, Rhodospirillaceae) in groundwater provides another illustration of the disconnect between bacterial taxonomy and environmental conditions. Clearly these microorganisms are not performing photosynthetic activities in dark aquifers. Rather, we infer that these bacteria have travelled from well-lit surface waters into groundwater reservoirs and were partially or completely dormant at the time of collection. Thus, these bacteria would not be considered part of the indigenous ecosystem, but their detection in a groundwater sample may still provide important information for groundwater management, e.g. by revealing patterns of the connectivity between groundwater and surface water. However, it is important to note that some metagenomic studies revealed a new phylum: Melainabacteria that comprised of non-photosynthetic organisms in aquifer samples and human gut that had previously been classified as Cyanobacteria (Di Rienzi et al. 2013; Hofer 2013) . Therefore, we recommend a metagenomic analysis of these samples to gain a better ability to distinguish Melainabacteria from Cyanobacteria.
The results presented in this section address the third objective of this study, namely to evaluate the extent to which aquifer characteristics and hydrochemistry can be used to predict groundwater bacterial taxonomy and predicted metabolic function. This study has not revealed any significant relationships between aquifer characteristics (e.g. lithology, confinement, depth, surrounding land use) and the bacterial community structure in groundwater. Note that the lack of detectable relationship does not mean that groundwater bacterial communities are not influenced by style and/or intensity of land use, but rather the evidence of any such influence is not apparent in the current investigation. In contrast, this study has shown that routinely monitored hydrochemical parameters can explain 59% of the variability in the relative abundance of sub-sampled OTUs in the dataset. This suggests a potential to obtain a general description of the taxonomy and metabolic potential of an unknown microbial community in a groundwater sample by determining its hydrochemistry. This idea is consistent with previous studies (Flynn, Sanford and Bethke 2008; Campbell and Kirchman 2013; Sirisena et al. 2013 Sirisena et al. , 2014 Gregory et al. 2014; Maamar et al. 2015) and metabolic and thermodynamic principles (Bennett, Hiebert and Rogers 2000; Chapelle 2000) . This sort of prediction might also be useful in identifying bacterial strains for bioremediation and biotechnological processes to eliminate heavy metals and other toxic compounds from contaminated groundwaters.
We emphasise however that the ability to predict bacterial community composition or function from hydrochemistry is quite weak with currently available data, and so we recommend that specific microbiological monitoring activities be incorporated into national and regional networks to assist assessment of groundwater ecosystem health. We also emphasise that this study has relied on metabolic inference rather than direct assessment of bacterial activity. The relative abundance of a particular taxon determined by rRNA may not necessarily reflect the fraction of actively present microorganisms, as gene expression is influenced by environmental factors (Campbell and Kirchman 2013) and this was evident by the indication of the presence of Cyanobacteria in our groundwater samples. Given the increasing importance of understanding ecosystem function globally (and in New Zealand within the context of the NPSFM), we further recommend future studies that use transcriptomic analysis to explore the diversity of active microbial communities in groundwater, to determine if the hydrochemistry-diversity relationship is still intact at that level. This will provide a direct representation of the current status of the microbial activities in groundwater ecosystems.
CONCLUSIONS
Our pyrosequencing analysis of microbial communities in groundwater provides an insight into groundwater ecosystems and generates a solid platform for further studies on more specific interactions between the biotic and abiotic components using comparable high throughput DNA sequencing technologies. To our knowledge, this study in New Zealand is the world's first attempt to evaluate taxonomic diversity and predict the functional potential of bacteria in groundwater at a national scale. Here, the bacterial community structure was compared with hydrogeochemical parameters to evaluate the interactions between biotic and abiotic components of groundwater ecosystems providing a baseline to understand the potential shifts in microbial communities in response to environmental conditions and vice versa. We revealed that hydrochemistry, in particular the redox state of groundwater, appeared to be the most influential factor that governs microbial composition. Our study reflects that both taxonomic and functional bacterial diversities can be used as biological signatures to evaluate the health of groundwater ecosystems because certain environmental pressures or trends may not be visible through hydrochemical monitoring alone. Therefore, this study provides a strong justification to include analysis of microbial community structure and function in any on-going monitoring of the health of a groundwater ecosystem, e.g. in support of implementation of the NPSFM for New Zealand's aquifers.
